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Skilful seasonal forecasts can provide useful information for decision makers, 25 
particularly in regions heavily dependent on agriculture, such as East Africa. We 26 
analyse prediction skill for seasonal East African rainfall and temperature one to four 27 
months ahead from two seasonal forecasting systems: the US National Centers for 28 
Environmental Prediction (NCEP) Coupled Forecast System Model Version 2 29 
(CFSv2) and the UK Met Office (UKMO) Global Seasonal Forecast System Version 30 
5 (GloSea5). We focus on skill for low or high temperature and rainfall, below the 31 
25th or above the 75th percentile respectively, as these events can have damaging 32 
effects in this region. We find skill one month ahead for both low and high rainfall 33 
from CFSv2 for December-January-February in Tanzania, and from GloSea5 for 34 
September-October-November in Kenya. Both models have higher skill for 35 
temperature than for rainfall across Ethiopia, Kenya and Tanzania, two months 36 
ahead in some cases. Performance for rainfall and temperature change in the two 37 
models during certain El Niño Southern Oscillation (ENSO) and Indian Ocean Dipole 38 
(IOD) phases, the impacts of which vary by country, season and sometimes by 39 
model. While most changes in performance are within the range of uncertainty due 40 
to the relatively small sample size in each phase, they are significant in some cases. 41 
For example, La Niña lowers performance for Kenya September-October-November 42 








1. Introduction 47 
Forecasts of rainfall and temperature for upcoming months can be valuable for 48 
decision makers to anticipate and mitigate the effects of unfavourable conditions. 49 
Forecast information can guide the decisions of policymakers in agriculture and food 50 
security, water management, disaster risk reduction, emergency relief and health 51 
(Lemos et al., 2002; Vitart et al., 2012), and at local scales be useful for subsistence 52 
farmers (Patt and Gwata, 2002; Hansen et al., 2011). East Africa is particularly 53 
vulnerable to the effects of rainfall and temperature extremes, as much of the 54 
population depends on rainfed agriculture for their income: 79% in Ethiopia, 77% in 55 
Tanzania and 61% in Kenya (FAO, 2018). Crops and livestock can be affected by 56 
heat stress, drought conditions (Herrero et al., 2010), and frosts (Kotikot and 57 
Onywere, 2015), and the prevalence of disease is also influenced by both rainfall 58 
and temperature (Bandyopadhyay et al., 2012).  59 
 60 
For forecasts to be successfully interpreted and applied in this region, it is necessary 61 
to understand the skill and reliability of ensemble forecasting systems for predicting 62 
rainfall and temperature on decision-relevant timescales. Seasonal rainfall variability 63 
over the East African region is influenced by local factors such as topography, 64 
coastal influences and lakes; regional circulation drivers such as the tropical easterly 65 
jet; and remote drivers such as the El Niño–Southern Oscillation (ENSO), the Indian 66 
Ocean Dipole (IOD) and the Madden-Julian Oscillation (MJO) (Nicholson, 2017). 67 
Successful rainfall predictions rely on the ability of seasonal forecast models to 68 





need to capture the seasonal cycle of rainfall. While some parts of the region 70 
experience one rainy season per year, such as southern Tanzania and northern 71 
Ethiopia, the near-equatorial region including northern Tanzania, Kenya and 72 
southern Ethiopia has two rainy seasons (Dunning et al., 2016; Nicholson, 2017). 73 
Successful temperature predictions also rely on models representing drivers, both 74 
local and remote, and their relationships to regional conditions. In particular, soil 75 
moisture conditions and ENSO phase are important for predicting heatwaves 76 
(Hirschi et al., 2011; Russo et al., 2016; van den Hurk et al., 2010). 77 
 78 
a. Seasonal forecasts for East Africa 79 
 80 
Nicholson (2017) provides a comprehensive overview of previous work on the skill of 81 
seasonal rainfall forecasts over eastern Africa. The short rains (October to 82 
November) are generally more predictable than the long rains (March to May), 83 
particularly in dynamical models. In both seasons statistical models are generally 84 
more skilful than dynamical ones, however dynamical models do outperform in some 85 
cases. For instance, Walker et al. (2019) found a dynamical model had higher skill 86 
for predicting East African rainfall than a consensus forecast based on both 87 
statistical and dynamical models.  88 
 89 
Statistical models identify remote atmospheric and oceanic drivers with 90 
teleconnections to the region of interest, to predict conditions in the coming months. 91 
These models therefore rely on the availability of information about the relevant 92 





and Philippon (2002) used observed ENSO and other predictors identified using 94 
principal component analysis to predict March to May rainfall in East Africa. Diro et 95 
al. (2008, 2011) developed skilful statistical forecasts for Ethiopia’s spring and 96 
summer rains based on teleconnections from sea surface temperatures (SSTs) in 97 
regions across the globe. Funk et al. (2014) used western central Pacific and central 98 
Indian Ocean SSTs to predict East African droughts and Chen and Georgakakos 99 
(2015) forecast East African rains using SST dipoles across basins including the 100 
Mediterranean Sea, North and South Atlantic, Indian Ocean, and Arabian Sea.  101 
 102 
Nicholson (2014) produced regression models based on SST, sea level pressure 103 
and vertical and horizontal winds at different heights to predict March-April-May, 104 
July-August-September and October-November rains in equatorial and summer 105 
rainfall regions. The summer rainfall region was defined by areas of East Africa 106 
where the maximum rainfall falls between June and September, and the equatorial 107 
rainfall region was defined where the maximum rainfall falls within March-April-May 108 
or October-November. Correlations between modelled and observed rainfall were 109 
above 0.76 up to five months ahead for October-November rainfall in both regions, 110 
two months ahead for July-August-September rainfall in the summer rainfall region, 111 
and two months ahead for March-April-May rainfall in the equatorial region. This 112 
highlighted how the ENSO spring predictability barrier (Webster and Yang, 1992) 113 
can hinder prediction of spring and summer rains at longer lead times (Nicholson, 114 
2017). Along with later work (Nicholson, 2015), the Nicholson (2014) study also 115 
found that statistical models that used atmospheric variables on multiple levels as 116 






On the other hand, dynamical forecasts are predictions from models that represent 119 
the physical processes underlying weather and climate. While dynamical systems 120 
are generally less skillful than statistical models over East Africa (Nicholson, 2017), 121 
they are increasingly being developed and used, and there is evidence of skill for 122 
predicting seasonal temperature (Weisheimer and Palmer, 2014) and rainfall 123 
(Bahaga et al., 2016; Batté and Déqué, 2011; Diro et al., 2012; Dutra et al., 2013; 124 
MacLeod, 2018; Mwangi et al., 2014; Walker et al., 2019). In this paper we will 125 
contribute to greater understanding of the skill of two contemporary dynamical 126 
seasonal forecasting systems, the US National Centers for Environmental Prediction 127 
(NCEP) Coupled Forecast System Model Version 2 (CFSv2, Saha et al., 2014) and 128 
the UK Met Office (UKMO) Global Seasonal Forecast System Version 5 (GloSea5, 129 
MacLachlan et al., 2015). 130 
 131 
We focus on the skill of CFSv2 and GloSea5 for high or low rainfall or temperature 132 
for countries in East Africa, with lead times of one to four months. While GloSea5 133 
rainfall forecasts have been analysed by Walker et al. (2019) across East Africa at 134 
one month lead time for tercile event categories, here we analyse additionally lead 135 
times out to four months, to determine how far ahead useful predictions can be 136 
made. We also evaluate temperature forecasts, as these may also be relevant for 137 
decision-makers in the region, and we provide a comparison with CFSv2. In each 138 
case we also analyse the forecasts at country-scale, which has not been done 139 
before for these models. Alongside information at both larger regional and smaller 140 





makers advising at this scale, such as humanitarian agencies, so an understanding 142 
of country-level skill is relevant in this context. We compare skill over Ethiopia, 143 
Kenya and Tanzania, three relatively large countries in the East Africa region with 144 
different seasonal cycles, particularly for rainfall.  145 
 146 
In the next section we describe the data and methods used in this study. We present 147 
results in section 3 and in section 4 we discuss these in the context of skill of other 148 
models and future research opportunities. 149 
2. Data and Methods 150 
a. Re-forecast and observational data 151 
 152 
The re-forecast data are from the NCEP CFSv2 and UKMO GloSea5 models. CFSv2 153 
re-forecasts are started every five days starting from the 1st of January, running for 154 
nine months, for the period 1982-2011. They have four ensemble members and 155 
T126 resolution (approximately 100km). GloSea5 re-forecasts are started on the 1st, 156 
9th, 17th and 25th of each month, with seven ensemble members, and are run for 157 
approximately seven months (216 days). We used re-forecasts for 1993-2015 at 158 
N216 resolution (approximately 60km at midlatitudes). For each model, all re-159 
forecasts within a calendar month were merged to produce larger ensembles of re-160 
forecasts, and for ease of comparing the models. This resulted in an ensemble size 161 
of either 20, 24 or 28 for CFSv2 (four ensemble members started on either 5, 6 or 7 162 
start dates, depending on the month), and an ensemble size of 28 for GloSea5 (7 163 





of one to four months. The lead time corresponds to the time ahead of the start of 165 
the season. For example, re-forecasts for DJF at one month lead are those starting 166 
on any dates in November; re-forecasts at four months lead are those starting on 167 
any dates in August.  168 
 169 
Rainfall data to validate the re-forecasts are taken from the Global Precipitation 170 
Climatology Project (GPCP; Adler et al., 2003) at 2.5 x 2.5 degree resolution 171 
(approximately 275km at the equator). Temperature data are near-surface (2 metre) 172 
air temperatures from the ECMWF Interim reanalysis (ERA-Interim; Dee et al., 2011) 173 
at N128 resolution (approximately 80km). Model data were regridded to the grid of 174 
the observations for gridpoint scale analyses.  175 
 176 
b. Methods 177 
 178 
We analysed the re-forecasts over the standard meteorological seasons (DJF, MAM, 179 
JJA, SON), with lead times one to four months ahead of the season of interest. 180 
Analyses were carried out at gridpoint scale and at country-average scale. Results 181 
are shown at country scale as, due to geopolitical considerations, information at this 182 
scale is sometimes used to guide decisions in humanitarian or other sectors. Results 183 
are shown for DJF and JJA for temperature, and for the main rainy seasons in each 184 
country. It is meteorological practice in Ethiopia to partition rainfall in three four-185 
month seasons: FMAM, JJAS (the main rainy season) and ONDJ. For consistency 186 





focus on the two seasons where these are a subset of the longer seasons: JJA and 188 
MAM.  189 
 190 
Biases in the mean of the forecasts compared to the observations were first 191 
calculated. Mean biases for each lead time (in weeks) were then removed from the 192 
hindcasts before the rest of the analysis was carried out. Anomaly Correlation 193 
Coefficients (ACC) were also calculated for the ensemble mean, which is the 194 
correlation between the forecasts and observations, each taken as an anomaly from 195 
their own climatology. These are temporal correlations, and are calculated both at 196 
gridpoint and country scale. 197 
 198 
We also calculated the Brier Skill Score (BSS), to compare the skill of the re-199 
forecasts to a climatological forecast. We use a climatological forecast that always 200 
forecasts the expected likelihood of an event, e.g. events below the 25th percentile 201 
are expected to occur 25% of the time, so are forecast with probability 0.25. The 202 
Brier Skill Score is  203 




where BS is the Brier Score of the forecast and BSref is the Brier Score of a 205 














where N is the number of forecasts, ft are the forecast probabilities of an event and ot 209 
are the indicators of whether the event was observed (1 if it occurred; 0 if it did not 210 
occur), at each forecast instance t. A BSS above 0 indicates skill greater than that of 211 
a climatological forecast. Finally, reliability diagrams were also produced, comparing 212 
the forecast probability of an event with its observed frequency. Using five bins to 213 
partition the forecast probabilities, the observed relative frequency for each bin is 214 
plotted against the average probability value of all forecasts within the bin (Bröcker 215 
and Smith, 2007). Reliability is shown aggregated over leads of one to two months 216 
and three to four months. Both BSSs and reliability diagrams were calculated using 217 
country-averaged predicted and observed rainfall and temperature.  218 
 219 
BSSs and reliability diagrams were calculated for events below the 25th percentile, 220 
between the 25th and 75th percentiles, and above the 75th percentile. These were 221 
calculated using percentiles based on the re-forecast rainfall and temperature 222 
distributions (e.g. ft= forecast probability of an event above the re-forecasts’ 75th 223 
percentile, ot=whether observations were above the observations’ 75th percentile), 224 
as this calibrates for errors in the models’ distributions of rainfall and temperature. 225 
Re-forecast percentiles were calculated for each lead time (in months) for the BSS 226 
and reliability calculations. To estimate uncertainty in the BSSs, the original 227 
ensemble for each year was bootstrapped 1000 times, sampling with replacement to 228 
produce ensembles the same size as the original. The re-forecast percentiles were 229 
recalculated each time along with the BSS in order to establish the 5th and 95th 230 





Biases and ACCs were also compared for different El Niño Southern Oscillation 232 
(ENSO, Trenberth, 1997) and Indian Ocean Dipole (IOD, Saji et al., 1997) phases, 233 
as these large scale circulation changes have teleconnections to East Africa (e.g. 234 
Ropelewski and Halpert, 1987; Nicholson and Kim, 1997; Black et al., 2003; Black, 235 
2005) and may affect forecast skill (e.g. Goddard and Dilley, 2005). ENSO indices 236 
were retrieved from NOAA and IOD indices from JAMSTEC. Tercile categories were 237 
used to determine negative (below 33rd percentile), neutral (between 33rd and 66th 238 
percentile) and positive (above 66th percentile) years for each season. Forecasts 239 
were then categorised using the observed IOD and ENSO indices for the season. 240 
Biases are shown for these subsets, averaging over 11 (La Niña, positive and 241 
negative IOD) or 12 (El Niño) years for the observations, 10 years for CFSv2 and 8 242 
years for GloSea5. In order to estimate whether the conditional ACCs for ENSO and 243 
IOD phases lie outside the range of sampling uncertainty, the original uncategorised 244 
ensemble was also bootstrapped 1000 times. Each time the same number of years 245 
were sampled as were in the ENSO or IOD tercile categories (10 for CFSv2 and 8 246 
for GloSea5) and the ACC calculated, in order to establish the 5th and 95th 247 
percentiles of the sampling uncertainty range. 248 
 249 
3. Results 250 
a. Model biases 251 
 252 
Rainfall results for MAM and SON show that both models have clear mean-state 253 





observed high rainfall, and in SON there is a dry bias across the western part of the 255 
region. These biases increase slightly from lead-1 to lead-3. CFSv2 also produces 256 
wet biases in the northern Ethiopian highlands of up to 3mm/day, suggesting the 257 
simulated rainfall is too sensitive to orography. GloSea5 rainfall biases are much 258 
smaller in MAM. In SON, GloSea5 has a wet bias of over 3mm/day across the 259 
region, corresponding to the wet bias found by Walker et al. (2019) for the OND 260 
season. The wet bias increases slightly from lead-1 to lead-3. Both models also 261 
show large rainfall biases over the Indian Ocean. CFSv2 interannual rainfall 262 
variability is generally too low across East Africa, while GloSea5 has too little 263 
variance where observed variance is high, but too much variance in other parts of 264 
the region (not shown).    265 
 266 
Temperatures vary little throughout the year in Ethiopia, Kenya and Tanzania (Fig. 267 
1b). CFSv2 is too cool over the Horn of Africa, and additionally over Tanzania and 268 
the southern part of the region in JJA, but too warm into central Africa. Temperatures 269 
over Ethiopia, Kenya and Tanzania are mostly up to 2°C too cool and these biases 270 
change little with lead time. GloSea5 is too cool by up to 5°C in the northern part of 271 
the region and too warm across the southern part in DJF, and in JJA the warm bias 272 
is further north and includes Ethiopia, with biases above 2°C. There is also a strong 273 
warm bias over Lake Victoria. The biases over Ethiopia, Kenya and Tanzania 274 
change little with lead time but the warm bias over central Africa in JJA decreases 275 
from lead-1 to lead-3. Both models also have variability which is too high where 276 






1) BIASES CONDITIONED ON ENSO AND IOD 279 
 280 
Rainfall and temperature in East Africa are affected by SST variations in the ENSO 281 
and IOD regions. Fig. 2a shows that observed rainfall in SON over Kenya and 282 
Tanzania is generally above-normal in El Niño and positive IOD phases, by up to 0.8 283 
mm/day, while in negative IOD rainfall is up to 0.6 mm/day below-normal. In MAM 284 
changes are smaller, but there is slightly above normal rainfall in Ethiopia during El 285 
Niño, and across all three countries during negative IOD. During positive IOD events 286 
there is below normal rainfall over the region. ENSO and IOD teleconnections to 287 
MAM rainfall are generally weak (e.g. Liebmann et al., 2014; Mutai and Ward, 2000; 288 
Vellinga and Milton, 2018), however the effects seen here are likely due to the tercile 289 
SST categories defined over a relatively short time period. Conditional rainfall biases 290 
in CFSv2 (biases in SST phases relative to the bias in all years) are based on only 291 
10 years of data but remain similar in MAM (Fig. 2b) to the unconditional biases (i.e., 292 
all years), although the dry bias is increased in negative IOD. In SON, the dry bias 293 
over Kenya is amplified during El Niño and positive IOD events, but decreased 294 
during the opposite phases. Fig. 2c shows GloSea5 rainfall biases, which are based 295 
on only 8 years of data, appear to change relatively little with ENSO and IOD phase 296 
in MAM. However in SON the wet bias over the region is increased during La Niña 297 
and negative IOD events, but reduced during El Niño and positive IOD phases.  298 
 299 
Fig. 3a shows that in El Niño and positive IOD phases, the East African region 300 
generally experiences warm anomalies in JJA, particularly over Ethiopia which is up 301 





differences in DJF are smaller across the phases. CFSv2 has conditional 303 
temperature biases largely similar to the unconditional biases over the East African 304 
region (Fig. 3b). Fig. 3c shows conditional biases are also similar to unconditional 305 
biases in GloSea5, however the cool bias over Ethiopia and Kenya in DJF is slightly 306 
reduced in El Niño and positive IOD years and amplified in the opposite phases. 307 
Again these biases are based on small sample sizes. 308 
 309 
b. Regional performance 310 
 311 
Fig. 4 shows the Anomaly Correlation Coefficients (ACC) for precipitation and 312 
temperature at leads 1 and 3 for the ensemble means of the two models. ACCs are 313 
lower for rainfall than temperature for both models. For MAM, CFSv2 has rainfall 314 
ACC values above 0.4 over northern Ethiopia at lead-1, but by lead-3 these values 315 
have decreased, and there is no significant correlation between the model and the 316 
observations over Kenya and Tanzania (Fig. 4a). In SON, ACC values are above 0.4 317 
over eastern Ethiopia and Kenya and above 0.2 across Tanzania at lead-1, and 318 
these decrease over the eastern part of the region by lead-3. GloSea5 ACCs show 319 
similar spatial patterns across the countries of interest in MAM, but with higher 320 
magnitudes at lead-1 than CFSv2, particularly over Kenya. However in SON the 321 
region over eastern Ethiopia and Kenya has higher ACC values than CFSv2 at lead-322 
1, at over 0.6, and this extends out to lead-3. The region of high correlation over land 323 
in GloSea5 is broadly similar to the equatorial region analysed by Nicholson (2014), 324 
whose regression model had a correlation of 0.78 with observations at 2 months 325 






ACCs for DJF temperature in CFSv2 are positive over Ethiopia, Tanzania and parts 328 
of Kenya, with particularly high values over 0.6 in northern Ethiopia at both lead-1 329 
and lead-3 (Fig. 4b). JJA results are similar, but with higher correlation over Kenya at 330 
lead-1 and lower correlation across Ethiopia and Tanzania at lead-3. GloSea5 331 
results for JJA temperature also show positive ACCs across most of the region, with 332 
values above 0.6 over Tanzania out to lead-3. Lower ACCs are found in DJF, and 333 
particularly over parts of Kenya there is no significant correlation between the model 334 
and the observations as is the case in CFSv2. 335 
 336 
This analysis is based on different time periods for the two models to make full use 337 
of the available data and maximise the sample size. However when using the same 338 
time period for both models (1993-2011), the spatial patterns of the ACCs are very 339 
similar (Fig. S1 in Supplemental Material). While there are some regions where the 340 
magnitude decreases, for example GloSea5 JJA temperature ACCs over Kenya and 341 
Tanzania are slightly lower when the shorter time period is used, overall these 342 
changes are small.  343 
 344 
c. Country-level skill: Ethiopia 345 
 346 
For country-level skill, Figures 5-12 show results for leads 1-4, while Tables 1 and 2 347 






We analyse the skill for forecasts averaged over Ethiopia for key 3-month seasons. 350 
The CFSv2 rainfall ACC is 0.48 at lead-1 for JJA, but for MAM ACCs are lower and 351 
not significant at lead-1 (Fig. 5a, Table 1). ACCs decrease with lead time out to lead-352 
4 in MAM and lead-3 in JJA. In El Niño and positive IOD phases CFSv2 ACCs are 353 
higher than the unconditioned ACC in MAM, and lower in the opposite phases. The 354 
conditioned ACC only lies outside the 5th to 95th percentile uncertainty range from 355 
bootstrapping the original ensemble for negative IOD years at lead-1 and lead-2, 356 
suggesting that the difference is significant at the 90% confidence level at these 357 
leads. GloSea5 ACC values are slightly higher than those from CFSv2 in JJA out to 358 
lead-3, and are also much lower and not significant in MAM (Fig. 5a, Table 1). ACCs 359 
are higher in La Niña and negative IOD phases in JJA, although this lies within the 360 
range of uncertainty. CFSv2 rainfall BSS values are around 0 for all event categories 361 
in both seasons, except for dry events (below 25th percentile) at lead-2 in JJA where 362 
the BSS and its uncertainty range is positive, showing a slight improvement over a 363 
climatological forecast (Fig. 6a, Table 1). GloSea5 BSS values are also very close to 364 
0, indicating no improvement over a climatological forecast. Reliability curves from 365 
CFSv2 and GloSea5 for rainfall generally show little change with lead time, and are 366 
closest to the 1:1 line in both models for wet events in MAM and dry events in JJA, 367 
signifying that forecast probabilities correspond well to the observed frequencies of 368 
events (Fig. 7a). Reliability for average (25th-75th percentile) events is poor in MAM 369 
for both models (Fig. S2a, S3a in Supplemental Material).  370 
 371 
ACCs for temperature are higher than for rainfall in both models, and remain around 372 





and 0.88 in GloSea5 (Fig. 9a, Table 2). La Niña and negative IOD phases have 374 
higher ACCs in DJF in CFSv2, while positive IOD ACCs are negative and outside the 375 
range of uncertainty. El Niño leads to higher ACCs in DJF and JJA in GloSea5, 376 
however this conditional ACC does not lie outside the uncertainty range, suggesting 377 
the difference is not significant. CFSv2 BSSs and their uncertainty ranges are 378 
positive for cool (below 25th percentile) events in DJF at all lead times, and warm 379 
events (above 75th percentile) in JJA at lead-1 (Fig. 10a, Table 2). GloSea5 BSSs 380 
and their uncertainty ranges are positive at lead-1 and lead-2 for average events in 381 
DJF and warm events in JJA, and at lead-1 for average events in JJA. Reliability 382 
diagrams for temperature from CFSv2 show slight improvement from lead 3-4 to lead 383 
1-2, and match the 1:1 line reasonably well for cool events in DJF and JJA and warm 384 
events in JJA, but they tend to be too shallow (Fig. 11a). Reliability diagrams for 385 
GloSea5 (Fig. 12a) show a similar picture. For the average (25th-75th percentile) 386 
category, CFSv2 forecast probabilities showing little relationship with the observed 387 
frequencies, but curves are close to the 1:1 line in GloSea5, particularly for DJF (Fig. 388 
S4a, S5a in Supplemental Material).  389 
 390 
d. Country-level skill: Kenya 391 
 392 
Kenya receives most rainfall in MAM and SON. CFSv2 has slightly higher 393 
correlations in MAM than SON, while GloSea5 ACC values are slightly higher than 394 
CFSv2 at lead-1 for MAM, and much higher for SON with ACCs above 0.7 out to 395 
lead-2 (Fig. 5b, Table 1). El Niño has a strong forcing on SON rainfall in East Africa, 396 





into ENSO and IOD phases suggests that CFSv2 and GloSea5 have consistently 398 
greater performance in El Niño years in SON, however this is within the range of 399 
uncertainty. While GloSea5 has a slight decrease in performance in La Niña years in 400 
SON, CFSv2 exhibits a much greater decrease that consistently lies outside the 401 
uncertainty range and the model is strongly anti-correlated with the observations by 402 
lead-3 (Fig. 5b). CFSv2 BSS values are very close to 0 for all events and lead times 403 
(Fig. 6b, Table 1), showing skill similar to climatological forecast skill. GloSea5 skill is 404 
above that of a climatological forecast at lead-1 for wet events in MAM and SON and 405 
dry events in SON (Fig. 6b, Table 1). CFSv2 rainfall reliability changes little with lead 406 
time and is best for dry events in MAM and wet events in SON (Fig. 7b). GloSea5 407 
reliability curves are particularly close to the 1:1 line for wet events in SON out to 408 
lead 3-4 (Fig. 8b). Reliability for average events is better in CFSv2 for MAM and 409 
GloSea5 for SON (Fig. S2b, S3b in Supplemental Material).  410 
 411 
CFSv2 temperature ACC values remain around 0.5 at all lead times in JJA, and are 412 
slightly lower in DJF (Fig. 9b, Table 2). GloSea5 ACCs are lower than CFSv2 in DJF 413 
but similar in JJA. ACCs in negative IOD phases are slightly greater than in all years 414 
in JJA in both models, and outside the range of uncertainty at longer lead times in 415 
both. CFSv2 also has much lower ACCs with negative correlations during positive 416 
IOD years in JJA. CFSv2 has positive BSSs, showing an improvement over a 417 
climatological forecast, for cool events in DJF at lead-1 and in JJA at lead-1 and 418 
lead-2 (Fig. 10b, Table 2). GloSea5 has BSSs above zero only for warm events in 419 
JJA at lead-1 and lead-2. Reliability for temperature from CFSv2 is best for cool 420 





11b). GloSea5 reliability is poor, particularly for cool events (Fig. 12b). Reliability is 422 
generally poor for average events, although the curve at lead 1-2 for JJA in CFSv2 is 423 
close to the 1:1 line (Fig. S4b, S5b in Supplemental Material). 424 
 425 
e. Country-level skill: Tanzania 426 
 427 
In Tanzania in DJF, both models have ACCs for rainfall above 0.5 at lead-1; this 428 
decreases with lead time in CFSv2 but remains fairly constant in GloSea5 (Fig. 5c, 429 
Table 1). ACCs are much lower in both models in MAM, and are mostly around or 430 
below zero. ENSO and IOD phase has little consistent effect on the ACC in DJF in 431 
either model, but generally ACCS are lower in negative IOD than the unconditioned 432 
case. In MAM, La Niña increases the ACC at all lead times in both models, but this is 433 
within the sampling uncertainty range. El Niño decreases skill in MAM in out to lead-434 
3 in both models, and this is outside the range of uncertainty at lead-1. CFSv2 has 435 
positive BSSs for dry and wet events at lead-1 in DJF, but other events and leads 436 
are close to or below 0 (Fig. 6c, Table 1). The uncertainty range of GloSea5 BSSs at 437 
lead-1 and lead-2 does not lie above 0 in either season (Fig. 6c). CFSv2 reliability 438 
curves are close to the 1:1 line for dry events in DJF, and wet events in DJF at lead 439 
1-2 (Fig. 7c). Reliability for rainfall is also better in GloSea5 in DJF than MAM, where 440 
dry and wet events are both only predicted with low probabilities (Fig. 8c). For 441 
average events, forecast probabilities show little relationship with observed 442 
frequencies in CFSv2, but the curve is close to the 1:1 line in DJF at lead 1-2 in 443 






Temperature ACCs are around 0.5 at lead-1 for both seasons in CFSv2, and 446 
decrease slightly with lead time (Fig. 9c, Table 2). ACCs are lower in DJF in 447 
GloSea5 than in CFSv2, but higher in JJA. ENSO and IOD phase influences on the 448 
ACCs mostly lie within the range of uncertainty. Both models show slight 449 
improvements in negative IOD years in JJA, and there is a decrease in ACC when in 450 
El Niño phase for JJA in CFSv2 which does lie outside the range of sampling 451 
uncertainty. BSS values and their uncertainty ranges are positive in CFSv2 at lead-1 452 
and lead-2 for cool events in DJF and cool and average events in JJA, and at lead-1 453 
for warm events in DJF (Fig. 10c, Table 2), signifying higher skill than a 454 
climatological forecast. GloSea5 has less skill over Tanzania in DJF, with negative 455 
BSS values for lead-1 for all temperature categories, but higher skill than a 456 
climatological forecast at lead-1 and lead-2 for cool and warm events in JJA. 457 
Reliability diagrams for temperature from CFSv2 and GloSea5 show curves are 458 
closest to the 1:1 line for warm events in DJF and cool events in JJA at lead 1-2 (Fig. 459 
11c, 12c). Reliability for average events is better for JJA than DJF in both models 460 
(Fig. S4c, S5c in Supplemental Material).  461 
4. Discussion and conclusions 462 
a. Rainfall skill 463 
 464 
Country ACCs and BSSs for rainfall forecasts at leads 1 and 2 are summarised in 465 
Table 1. CFSv2 temperature anomalies significantly correlate with observations only 466 
at lead-1 in JJA in Ethiopia, and lead-1 and lead-2 in MAM in Kenya and DJF in 467 





improvement above this at lead-1 for dry and wet events in DJF in Tanzania, and at 469 
lead-2 for dry events in JJA in Ethiopia.  470 
 471 
GloSea5 skill is generally similar to CFSv2 for rainfall, also having positive anomaly 472 
correlations for JJA in Ethiopia, MAM in Kenya and DJF in Tanzania. However 473 
GloSea5 also has strong correlations for SON rainfall in Kenya at both lead-1 and 474 
lead-2. Skill is only above that of a climatological forecast for wet events in MAM and 475 
wet and dry events in SON in Kenya at lead-1. 476 
 477 
Both models have similar skill for average events to a climatological forecast. 478 
Average events are mostly forecast by around 50% of ensemble members (Fig. S2, 479 
S3 in Supplemental Material), which matches the definition of occurring 50% of the 480 
time. This indicates the models have low sharpness - the ability to generate forecast 481 
probabilities that are different to the climatological frequency of the event. Where the 482 
models do exhibit skill above that of a climatological forecast this is for below normal 483 
and above normal rainfall events. This is similar to results from Diro et al. (2008, 484 
2011) for a statistical model based on SST anomalies, and from Walker et al. (2019) 485 
for GloSea5 which found higher skill for the outer tercile categories over a large East 486 
Africa region. In these skilful cases, the models predict the events with probabilities 487 
that are different to the 25% frequency defining dry and wet events, demonstrating 488 
sharpness. For example, CFSv2 has skill for dry and wet events in Tanzania in DJF, 489 
and GloSea5 has skill for dry and wet events in Kenya in SON. In both of these 490 
cases the distribution of forecast probabilities at lead 1-2 peaks at the lowest values, 491 





the events, along with some forecasts giving probabilities above 25% (Figure 7, 493 
Figure 8).  494 
 495 
Walker et al. (2019) found skill for the short rains (OND) over East Africa in GloSea5 496 
at one month ahead, particularly for upper tercile events, along with an increase in 497 
skill and reliability of East African rainfall when GloSea5 forecasts an IOD event. 498 
ECMWF System 4 also has good rainfall reliability in this region (Weisheimer and 499 
Palmer, 2014). The reliability in these analyses appears consistent with the reliability 500 
results shown here, in particular for wet events in SON in Kenya. Differences in the 501 
reliability from these previous studies are likely to be because here the country-502 
average has been used, rather than an aggregation over the gridpoints in each 503 
region. This does mean the sample sizes are smaller, making the reliability estimates 504 
less robust and more susceptible to random variations due to undersampling, 505 
however the estimates still support those from Walker et al. (2019).   506 
 507 
Forecasts for the long rains season (MAM) have been shown to be generally less 508 
skilful than forecasts for the short rains (ON, e.g. Nicholson, 2014; Nicholson, 2017; 509 
MacLeod, 2018). ACC results in Fig. 4a show that over the East Africa region 510 
GloSea5 has greater correlation in SON than in MAM over the eastern part of the 511 
region, however CFSv2 at lead-1 has greater performance for MAM than SON over 512 
Ethiopia and Kenya. This is reflected in the country scale results, where ACC values 513 
for Kenya from CFSv2 are higher in MAM than SON, but values from GloSea5 are 514 





SON and wet events in MAM in Kenya (Table 1), which suggests this model may be 516 
able to provide skilful forecast information particularly for the short rains season. 517 
 518 
b. Temperature skill 519 
 520 
Country ACCs and BSSs for temperature forecasts at leads 1 and 2 are summarised 521 
in Table 2. Temperature forecast skill is generally higher than rainfall, with more 522 
significant ACCs and BSS uncertainty ranges above zero in both models. CFSv2 523 
ensemble mean temperature anomalies significantly positively correlate with 524 
observed anomalies at lead-1 for all countries and seasons, and at lead-2 for all 525 
except DJF in Kenya. CFSv2 has skill at predicting cool events in all countries, with 526 
the uncertainty above zero indicating skill above that of a climatological forecast in all 527 
seasons except JJA in Ethiopia, and mostly out to lead-2. Skill is lower for normal 528 
events, where it is only above a climatological forecast for JJA in Tanzania, and for 529 
warm events where it is only above for JJA in Ethiopia and DJF in Tanzania at lead-530 
1.  531 
 532 
GloSea5 temperature anomaly correlations are higher than CFSv2 for JJA in all 533 
countries at lead-1 and lead-2, positive and similar to CFSv2 for DJF in Ethiopia, but 534 
not significant for DJF in Kenya and Tanzania. Skill for cool events is lower than 535 
CFSv2, with skill above a climatological forecast only for JJA in Tanzania. However, 536 
GloSea5 has skill for normal events at lead-1 in DJF and JJA in Ethiopia where 537 
CFSv2 does not, and has skill for warm events at lead-1 and lead-2 in JJA in all 538 






Both CFSv2 and GloSea5 have some skill at predicting temperatures in East Africa 541 
at 1 and 2 month lead times, CFSv2 particularly for cool events and GloSea5 542 
particularly for warm events in JJA. Few other studies have analysed seasonal 543 
temperature forecast skill over this particular region. However ECMWF System 4 has 544 
been shown to have good reliability for warm (upper tercile) and cold (lower tercile) 545 
DJF and JJA seasons over a large East African region one month ahead 546 
(Weisheimer and Palmer, 2014). Combined with the results shown here this 547 
suggests that dynamical models are able to make skilful and reliable temperature 548 
predictions for this region in some seasons.  549 
 550 
c. Limitations and future opportunities 551 
 552 
In this study skill and reliability may be limited by the size of the reforecast datasets 553 
(30 years for CFSv2 and 23 years for GloSea5), particularly when the record is split 554 
into ENSO and IOD phases; most of the differences between conditional and 555 
unconditional performance were not significant. Results may also be sensitive to the 556 
time periods which do not match between the models. A much longer re-forecast set 557 
would be required to have enough years in each ENSO and IOD phase to 558 
substantially reduce uncertainty; around 20 years are currently used to characterise 559 
seasonal forecast skill so this may need to be up to three times as long.  560 
 561 
The impact of ENSO and IOD phase on prediction performance is often consistent 562 





positive IOD years and JJA temperature in Tanzania in negative IOD years. However 564 
impacts do differ across the two models in some countries and seasons. For 565 
example for JJA rainfall in Ethiopia, negative IOD phase improves performance in 566 
GloSea5 but has little effect in CFSv2, while for SON rainfall in Kenya, La Niña 567 
significantly decreases skill in CFSv2 but has little effect in GloSea5. For JJA 568 
temperature in Kenya, La Niña increases skill in CFSv2 but decreases skill in 569 
GloSea5, while positive IOD phase significantly decreases skill in CFSv2 but has 570 
little impact in GloSea5. Many of the impacts in both models are within the range of 571 
sampling uncertainty. With a limited sample size, it is difficult to rule out the effect of 572 
other influences and isolate the role of ENSO and IOD. While terciles are used for 573 
ENSO and IOD categorisation in each season so there are equal numbers of years 574 
in each phase, SST variability is likely to be higher in some seasons, for example El 575 
Niño and La Niña events typically peak in DJF, and there may be stronger influences 576 
on rainfall in certain seasons. Longer reforecast datasets would aid more robust 577 
estimates of changes in performance and skill based on the phase of ENSO and IOD 578 
variability.  579 
 580 
Bahaga et al. (2016) showed that a realistic representation of the relationship with 581 
the Indian Ocean Dipole is important in capturing the variability of the rains in East 582 
Africa. Walker et al. (2019) found GloSea5 represents the correlations between East 583 
African rainfall and ENSO and IOD region SSTs well, but may have atmosphere-584 
ocean coupling which is too weak. Further work should investigate the 585 
teleconnections to East Africa in CFSv2, along with model skill at replicating the SST 586 





may improve skill in each model. There may also be limitations due to the 588 
observational datasets used for validation; for example GPCP has been shown to 589 
underestimate high rainfall intensities over the region (Dinku et al., 2007; Kimani et 590 
al., 2017). 591 
 592 
Further work should investigate skill for smaller countries in the East African region, 593 
or for sub-national or trans-national regions with consistent meteorological conditions 594 
(e.g., timing of the wet season). Our skill results may be artificially low due to 595 
variations within our target countries in meteorological regimes, e.g. differing rainy 596 
seasons in northern and southern Ethiopia (Dunning et al., 2016). Here we analysed 597 
the country scale as these forecasts are applied in humanitarian contexts where 598 
decisions are in some cases made at country scales for geopolitical reasons. 599 
However, model biases and performance vary across countries (Fig. 1a, Fig. 4a), so 600 
the country-scale may reduce skill where it is high only in parts of the countries. 601 
Downscaling may also help improve skill in this region (Diro et al., 2012; Kipkogei, 602 
2017). 603 
 604 
In general, it still appears that statistical models, for example based on SST 605 
anomalies, may provide better skill at forecasting rainfall over the region. An 606 
important addition to the literature would be rigorous comparisons of statistical and 607 
dynamical model forecasts for the region, which are currently lacking. Models such 608 
as those from Chen and Georgakakos (2015) and Nicholson (2014, 2015) have been 609 
shown to produce reliable and skilful forecasts out to months ahead using indices 610 





country scale are country, season and event category dependent and in many cases 612 
skill is very similar to that of a climatological forecast. However both dynamical 613 
models may provide useful information. In particular, CFSv2 has skill for dry and wet 614 
events in DJF in Tanzania at lead-1, while GloSea5 has skill for wet events in MAM 615 
and dry and wet events in SON in Kenya at lead-1 where CFSv2 does not. 616 
Temperature forecast skill is generally higher than rainfall, out to lead-2 in some 617 
cases from both CFSv2 and GloSea5. In particular, CFSv2 has skill for cool events 618 
in both DJF and JJA while GloSea5 has skill for warm events in JJA. Further 619 
understanding of the models analysed here would require investigating the 620 
underlying causes of the differences in skill between the CFSv2 and GloSea5 621 
models, for example through identifying common factors between years when one 622 
model strongly outperforms the other, and comparing to other dynamical seasonal 623 
forecasting systems.  624 
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Figure 1. Seasonal mean observations and model biases for (a) rainfall (mm day-1) in 845 
MAM and SON (b) 2m air temperature (°C) in DJF and JJA. Observational data are 846 
for the period 1982-2015 from (a) GPCP and (b) ERA-Interim; model biases are for 847 







Figure 2. Anomalies in observations during ENSO and IOD phases for rainfall (mm 851 
day-1) in MAM and SON, and model biases in those phases relative to the model 852 
mean bias at one month lead time. These are composites based on years in which 853 
observed SSTs fall into tercile categories (11 or 12 years for observations, 10 years 854 







Figure 3. Anomalies in observations during ENSO and IOD phases for 2m air 858 
temperature (°C) in DJF and JJA, and model biases in those phases relative to the 859 
model mean bias at one month lead time. These are composites based on years in 860 
which observed SSTs fall into tercile categories (11 or 12 years for observations, 10 861 







Figure 4. Temporal Anomaly Correlation Coefficients of re-forecasts of (a) rainfall in 865 
MAM and SON and (b) 2m air temperature in DJF and JJA. Lead times are in 866 
months ahead of the season. Stippling corresponds to areas where the correlation is 867 














Figure 5. Country-average scale temporal Anomaly Correlation Coefficients (ACCs) 878 
of rainfall re-forecasts from (left) CFSv2 and (right) GloSea5 for key rainy seasons in 879 
(a) Ethiopia, (b) Kenya and (c) Tanzania. ACCs are shown for all years (black) and 880 
years in ENSO and IOD phases (colours); the uncertainty (grey) represents the 5th-881 
95th percentiles from bootstrapping with the number of years in the ENSO and IOD 882 







Figure 6. Country-average scale Brier Skill Scores for rainfall re-forecasts using 886 
percentiles based on model re-forecast climatologies to define events, from (left) 887 
CFSv2 and (right) GloSea5 for key rainy seasons in (a) Ethiopia, (b) Kenya and (c). 888 







Figure 7. Country-average scale reliability diagrams for rainfall re-forecasts from 892 
CFSv2 using percentiles based on model re-forecast climatologies to define events 893 
below the 25th and above the 75th percentiles, for key rainy seasons in (a) Ethiopia, 894 
(b) Kenya and (c) Tanzania. Colours represent reliability for lead 1-2 (purple) and 895 






  898 
Figure 8. Country-average scale reliability diagrams for rainfall re-forecasts from 899 
GloSea5 using percentiles based on model re-forecast climatologies to define events 900 
below the 25th and above the 75th percentiles, for key rainy seasons in (a) Ethiopia, 901 
(b) Kenya and (c) Tanzania. Colours represent reliability for lead 1-2 (purple) and 902 







Figure 9. Country-average scale temporal Anomaly Correlation Coefficients (ACCs) 906 
of 2m air temperature re-forecasts from (left) CFSv2 and (right) GloSea5 for DJF and 907 
JJA in (a) Ethiopia, (b) Kenya and (c) Tanzania. ACCs are shown for all years (black) 908 
and years in ENSO and IOD phases (colours); the uncertainty (grey) represents the 909 
5th-95th percentiles from bootstrapping with the number of years in the ENSO and 910 







Figure 10. Country-average scale Brier Skill Scores for 2m air temperature re-914 
forecasts using percentiles based on model re-forecast climatologies to define 915 
events, from (left) CFSv2 and (right) GloSea5 for DJF and JJA in (a) Ethiopia, (b) 916 
Kenya and (c) Tanzania. Colours represent cool (red), normal (orange) and warm 917 







Figure 11. Country-average scale reliability diagrams for 2m air temperature re-921 
forecasts from CFSv2 using percentiles based on model re-forecast climatologies to 922 
define events below the 25th and above the 75th percentiles, for DJF and JJA in (a) 923 
Ethiopia, (b) Kenya and (c) Tanzania. Colours represent reliability for lead 1-2 924 







Figure 12. Country-average scale reliability diagrams for 2m air temperature re-928 
forecasts from GloSea5 using percentiles based on model re-forecast climatologies 929 
to define events below the 25th and above the 75th percentiles, for DJF and JJA in (a) 930 
Ethiopia, (b) Kenya and (c) Tanzania. Colours represent reliability for lead 1-2 931 











  Rainfall 
 
 


































MAM 0.30 0.22 0.23 0.04 0.00 0.00 0.09 -0.22 -0.08 -0.16 -0.07 -0.16 -0.07 -0.09 0.02 -0.02 
JJA 0.48 0.33 0.59 0.49 0.08 0.13 0.04 -0.05 0.00 0.05 -0.06 -0.10 -0.01 0.01 -0.13 -0.19 
Kenya 
MAM 0.38 0.50 0.53 0.30 0.06 0.06 0.06 -0.02 0.04 0.05 0.08 -0.08 -0.08 -0.15 0.35 0.01 
SON 0.29 0.21 0.76 0.72 -0.06 -0.09 0.20 0.04 -0.05 -0.12 0.13 0.09 0.04 0.01 0.46 0.12 
Tanzania 
DJF 0.72 0.67 0.56 0.56 0.16 0.10 0.08 0.08 -0.05 -0.04 0.16 -0.04 0.22 0.10 0.02 -0.02 
MAM -0.07 0.03 -0.05 0.04 -0.30 0.03 -0.11 0.00 0.01 0.06 0.04 0.05 0.09 0.04 -0.13 -0.19 
 939 
Table 1. Summary of ACC and BSS country results for rainfall forecasts at lead 1 and lead 2. Values are shown to 2 decimal 940 
places, with bold signifying ACC values that are significant (p≤0.05) and BSS values where the 5th-95th percentile uncertainty range 941 












  Temperature 
 
 


































DJF 0.51 0.42 0.43 0.50 0.11 0.15 0.11 -0.11 -0.24 -0.19 0.25 0.22 -0.14 -0.32 -0.25 0.03 
JJA 0.66 0.47 0.88 0.76 0.06 -0.13 0.09 -0.27 -0.21 -0.35 0.22 -0.15 0.19 0.04 0.68 0.35 
Kenya 
DJF 0.43 0.22 0.12 0.12 0.14 -0.03 -0.92 -0.93 -0.07 -0.10 -0.31 -0.08 0.09 -0.15 -0.53 -0.37 
JJA 0.65 0.49 0.71 0.66 0.49 0.29 -0.65 -0.62 0.00 0.07 -0.36 -0.30 0.01 -0.03 0.20 0.22 
Tanzania 
DJF 0.58 0.52 0.35 0.29 0.15 0.30 -0.12 -0.22 -0.22 -0.04 -0.20 0.21 0.18 0.04 -0.09 0.06 
JJA 0.50 0.42 0.75 0.74 0.36 0.32 0.22 0.16 0.25 0.18 0.06 0.13 -0.09 -0.15 0.27 0.32 
 950 
Table 2. Summary of ACC and BSS country results for temperature forecasts at lead 1 and lead 2. Values are shown to 2 decimal 951 
places, with bold signifying ACC values that are significant (p≤0.05) and BSS values where the 5th-95th percentile uncertainty range 952 
from bootstrapping lies above 0.0. 953 
 954 
